In conjunction with association rules for data mining, the connections between testing indices and strong and weak association rules were determined, and new derivative rules were obtained by further reasoning. Association rules were used to analyze correlation and check consistency between indices. This study shows that the judgment obtained by weak association rules or non-association rules is more accurate and more credible than that obtained by strong association rules. When the testing grades of two indices in the weak association rules are inconsistent, the testing grades of indices are more likely to be erroneous, and the mistakes are often caused by human factors. Clustering data mining technology was used to analyze the reliability of a diagnosis, or to perform health diagnosis directly. Analysis showed that the clustering results are related to the indices selected, and that if the indices selected are more significant, the characteristics of clustering results are also more significant, and the analysis or diagnosis is more credible. The indices and diagnosis analysis function produced by this study provide a necessary theoretical foundation and new ideas for the development of hydraulic metal structure health diagnosis technology.
Introduction
Hydraulic metal structure health diagnosis is based on investigation and analysis of the status of operating equipment, site safety testing, review of the structural safety calculation results, and comprehensive analysis of every diagnosis index, eventually obtaining the final equipment health diagnosis through fuzzy comprehensive diagnosis analysis. At present, there are many health diagnosis methods in engineering fields, such as the reliability evaluation method, analytic hierarchy process, expert judgment method, and neural network technology. Each method has its advantages and disadvantages, applicable in different occasions. The hydraulic metal structure health diagnosis system needs to consider various factors, and perform comprehensive diagnosis with the multilayer, multi-standard, and multi-factor analysis model. Yang (2011) established an expert system for evaluating the safety of hydraulic metal structures. Yang (2012) developed a multilayer fuzzy comprehensive evaluation index system for hydraulic metal structure health diagnosis.
Data mining is the process of extracting or mining useful information from large amounts of data. Because data mining technology has significant advantages in the processing of large amounts of data, many industries, especially scientific research, finance, and education, have been utilizing data mining technology. In the fields of water resources and hydropower engineering, many scholars have used data mining technology to research dam safety monitoring system (Xiang et al., 2003; Zhu et al., 2007) . However, few experts have conducted research on hydraulic metal structure diagnosis (Han and Kamber, 2006; Mao et al., 2007; Hu et al., 2012) , this study used data mining technology to establish a clustering data mining model for hydraulic metal structure health diagnosis, and examined key technology for hydraulic metal structure health diagnosis, which includes importance analysis of the indices, correlation analysis of the indices, and analysis of the diagnosis conclusion. The significant problem in hydraulic metal structure health diagnosis is ensuring the accuracy and consistency of the original data. First, in conjunction with association rules for data mining, the connections between testing indices and strong and weak association rules were obtained by making full use of the historical data, and new derivative rules could be obtained by further reasoning. Based on correlation analysis of indices with association rules, checking the consistency between index data was proposed. Based on that, this study analyzed the reliability of diagnosis with clustering technology. Using this method, data mining technology can be applied in real-world hydraulic metal structure health diagnosis.
Association rules of testing indices
Association rules (Su et al., 2004; Lou et al., 2003) are an important subject in data mining; they are used to dig out valuable correlations between data. Using the gate testing as an example, we studied the use of association rules to mine the possible connection between different testing indices (Li and Li, 2003; Cover et al., 2003; Liang, 2006; Sha, 2008) . It is difficult to determine whether there is a correlation between indices by tested data directly, so multi-level association rules are used in mining. For two testing indices, X and Y, there exists an association rule between them: X: x/ Y: y. The association rule can be classified into the following three types: (1) a strong association rule: when the grade of index X is x, the grade of index Y is most likely to be y; (2) a weak association rule (even a non-association rule): when the grade of index X is x, the grade of index Y is most unlikely to be y; and (3) a derivative rule, the other weak association rule, deduced by the weak association rule: when the grade of index X is x, the grade of index Y is most unlikely to be y and less likely to be grades lower than y.
Strong association rules
We selected 18 samples from historical testing data records of gates, and numbered them from 1 to 18. To analyze correlation between six indices (also referred to as six items in association rules), the strength of main components, depth of the corrosion pit, area of corrosion, maintenance, years of operation, and performance, the calculation process of mining strong association rules was as follows:
(1) Based on each data sample, 1-itemsets were obtained, as shown in Table 1 .
(2) Assuming that the minimum support value was 5/18, grades of testing indices with support values less than the minimum value were deleted, and frequent 1-itemsets were obtained, as shown in Table 2 . The support value can be calculated with the following formula:
where m 1 is the number of same samples with the testing index X at grade x and the testing index Y at grade y, and M is the total number of all samples.
(3) Connecting different indices in frequent 1-itemsets in pairs, candidate 2-itemsets were obtained. The 2-itemsets with support values less than the minimum value in the candidate 2-itemsets were deleted, and frequent 2-itemsets were obtained, as shown in Table 3 , where the testing indices X 1 and X 2 are two items of a frequent 2-itemset.
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